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Abstract

Accurate segmentation of colorectal polyps is a key technical step in the early diagnosis and treat-
ment of colorectal cancer. Existing dual-branch architectures that combine Convolutional Neural
Networks (CNN) and Vision Transformers (ViT) still suffer from insufficient feature fusion, inade-
quate capture of edge details, and poor robustness of semantic representation in polyp medical im-
age segmentation. To address these issues, this paper proposes a multi-modal edge-aware prompt
polyp segmentation method based on the SegNext framework. The method is centered on a Multi-
modal Edge-Aware Adapter (MEAA), which jointly extracts local texture features from CNN, edge
features from Wavelet High-Frequency Components (WHFC), and global semantic features from ViT.
A channel-spatial dual attention mechanism is adopted to achieve adaptive fusion and enhancement
of multi-modal features, and a dense map visual prompt strategy is introduced to compensate for
detail loss. Experimental results on five public polyp segmentation datasets, including Kvasir-SEG
and CVC-ClinicDB, show that the proposed framework achieves mean Dice coefficients of 0.854,
0.910, and 0.935, and mean Intersection over Union (IoU) scores of 0.781, 0.858, and 0.895 under 0,
1, and 2 interactive prompt settings, respectively. The segmentation performance is significantly
superior to existing mainstream methods, demonstrating potential for real-time clinical applica-
tion and providing an efficient and accurate technical solution for computer-aided diagnosis of col-
orectal polyps.
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Figure 1. Overall model structure
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s 7, R EE A A BN . SRS S 4 JRE L2 1A Gt A 22 R ORI R E, AR
1) TC A e S92 1) ) B R B ELAME R BT AR R

Oc.n,, =L (Cat [GMP(CM (Elnn )’ GAP(CN (FCI-”” )):I) © O-(GAP(FL;” )) 1
0,. =Cy,, (Cat[GMP(CM (F},fb),GAP(Cm (Fhfc ))J)QO_(GAP<F;MC)) @)
OW:Q”«h{@m%qﬂ@L)GU%QAWL»DQU«MP@L» @

B, 75 = AMRFIESY S ERLH softmax o8 0 W0E v 3= A7 A AT A —4H o X 28 ) — b AU B % G
RIENS K NRHEREAT EINAL, PR S IAUS IRHEAR I R 2 ARG FRoR . BUa, BERHMERKIX
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Figure 3. The process to generate high-frequency edge features
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A TSR AT 071 oy B RE, A SCERICZE TURY T RIS WA EI7 5 L5 T SAM AR T ik
TR EE, WiEEdET CNNL VIT K& SAM #/R TAEM &S edb il . X b7y B ds: 440 CNN 2%
J77% UNet [ 1]+ PraNet [9]; CNN 5 Transformer fifi & 28 /% SANet [24]. MSNet [25]. LDNet [26]+ SSFormer
[27]+ Polyp-PVT [28]; T SAM Rkt 777% SAM-H [29]. SAM-L [29]. SAMAdapter [30]. ASPS [31].
MedSAM [32], RN ERAG SegNext 7 1 {K. 2 IR HAR/R N IIVEREVE N B S, Firfr d LUAR AL 25376 A
A ) S e B A 5 I 2R B R 52 O 2R 5 0

3.4. EBLEBS S

ASCH TR TES M ET RIRUE W BT ST SAM [ BT E R VEREHEAT 0T B, VEAHZE i dn
%1 FR. R R Z58 0 TR, N RILR IR IR GE .

SIS R, BT VETE CVC-ClinicDB ##i4E FAR¥E 15 SR AY(ASPS)FH Y 1 VERE, T
7£ CVC-ColonDB. ETIS. Kvasir /% EndoScene £(#i4E L5043 7 IR RS, REILHE R GFZ Lhg
71, EHTAFREENER 5 # 5. ASPS BI7E CVC-ClinicDB 5 EndoScene 445 R BLH ALK
PERE, HAE CVC-ClinicDB L[ Dice 5 ToU Z35lliA %] 0.952 5 0.907, 7E EndoScene (1) Dice 5 IoU 43
M9 0.927 5 0.883, ZRE1-3 Dice 2405 ToU 4371104 0.889 H1 0.819. AR TVAIEA R HARR K
BT, BB RE R E R T X T A AR I(0-m) I E T, BAY-F1 Dice RE5 ToU 4 0.854
A0.781; FE(1-m)H AR E FHRTFE 0.910 F1 0.858; FEQ-m)X it B Nik—iA %) 0.935
F10.895. EfkkKFE, &£ CVC-ClinicDB 4 4E |, FrEJii%Q2-m)E T Dice (0.948)5 IoU (0.910)H#%
KT ASPS # %! (Dice 0.952, IoU 0.907), {HEH 4 4 MRS EXSzBL T ik, £ CVC-ColonDB. ETIS
EMEEE E AR E L, MERIRTI NN R, R IR T AR 1A A SR

LTS 2RIET SAM MBIk, ARSCHTRBAILE R 5] N S EH 3R 0-m) S, Mt T2
Hoof thA Y, HAE CVC-ColonDB. ETIS 5 Kvasir 204 4 R I ASPS #22Y . 7E(1-m) 5 s iR
SRIR B E N, ASCHERAERR CVC-ClinicDB MR AR AHEESE , r8IvERES &0 T X%, £
R i 7n (2-m) &, SRR HE— 0 R A BAS SAIL B I 5 A0 X S5k, % T4 AR T FE T O B 5
FROARBL R ITVELEAN R A2 B N R & AR B iz AR 7T . [RI 5256 K B, SAMUS 55 ASPS #
B GIN T CNN #iBI5r3C, WIS TR EI8OR, X — 25 Rt — B IE 7 At CNN 703
TE B N 73 BIUE S5 T A R 5 & B .

Table 1. Quantitative comparison of methods across five publicly available polyp datasets

F 1. ANAFEARES LSRR EEEHE

g CVC-ClinicDB Kvasir CVC-ColonDB ETIS EndoScene
Dice IoU Dice IoU Dice IoU Dice IoU Dice IoU
UNet 0.823 0.755 0.818  0.746 0.504 0.436 0398  0.335 0.710  0.627
PraNet 0.899 0.849 0.898  0.840 0.709 0.640 0.628  0.567 0871  0.797
MSNet 0.916 0.859 0.904  0.847 0.752 0.669 0.750  0.654 0.888  0.815
LDNet 0.932 0.872 0912  0.855 0.794 0.715 0.778  0.707  0.893  0.826
SSFormer 0.906 0.855 0917  0.864 0.802 0.721 0.796  0.720 0.895  0.827
Polyp-PVT 0.937 0.889 0917  0.864 0.808 0.727 0.787  0.706  0.900  0.833
SAM-H 0.547 0.500 0.778  0.707 0.441 0.396 0.517 0447  0.651  0.606

m
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SAM-L 0.579 0.526 0.782 0.710 0.468 0.422 0.551 0.507 0.726 0.676
SAM-Adapter 0.774 0.673 0.847 0.763 0.671 0.568 0.590 0.476 0.815 0.725
SAMed 0.404 0.273 0.459 0.300 0.199 0.115 0.212 0.126 0.332 0.202
SAMUS 0.900 0.821 0.859 0.763 0.731 0.597 0.750 0.618 0.859 0.760
ASPS 0.952 0.907 0.914 0.848 0.792 0.694 0.856 0.764 0.927 0.883
MedSAM 0.867 0.803 0.862 0.795 0.734 0.651 0.687 0.604 0.870 0.798

SegNext (1-m) 0.436 0.357 0.721 0.640 0.417 0.335 0.368 0.308 0.603 0.525
SegNext (2-m) 0.678 0.532 0.850 0.783 0.680 0.579 0.615 0.530 0.803 0.725

Ours (0-m) 0.865 0.802 0.901 0.842 0.821 0.736 0.819 0.735 0.863 0.792
Ours (1-m) 0.935 0.884 0.936 0.898 0.883 0.792 0.897 0.841 0.902 0.864
Ours (2-m) 0.948 0.910 0.955 0.926 0.924 0.873 0.949 0.887 0917 0.879

3.5. EMEEB S 94

K 4 R T AR 5 PraNet. SAMAdapter. MedSAM. SAMUS. ASPS %5 i 7V B A 2
FEE R AT L B0 S — R S N EA B AR IR R, PraNet 55 SAMAdapter J775 K BE LI S
P 288 X 3 ) 56 B 0, o 2t PR R R AE /S B b JE ARSI 5 43 BT 2% v 4= R < T MedSAMLLSAMUS
55 ASPS AL 3 BN 45 RAFAED Gog MAER IR, 52 ML, AR SCRT R ABEARY 1) S, PRI 25 73 1k FE R T
Moo ZI7 IS B A B e B R AT SR AE, BREAECRER BN BRI AT IR T, A5 E A7 I 2 B
LA R A 02 5 R

B 0T 28 R B R Bl BE AN AR S P (B4R, PraNet. SAMAdapter. MedSAM & SAMUS #5
TP A BE SR A 2K X 3k I 5E 84 40 81], ASPS AR B8 R 23 B BEAR X 3, (HATIAZTE BRI 2 e L AN HERT 7]
W, MASCHTRBAE -m PPN E T, RIS H R RAE X5 BB S s A& s,
R0 S A SRR e Dt — B AR T, A R T S A Sy B I ) R

B =X G R B A XA AR X BB R g . SRR BB B I R A bR LY e B 7 1
B 5E s ARG B, X T ERTEXE, ST A FEREE RGO RS, HR
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Figure 4. Qualitative comparison of segmentation results
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3.6. jHEASELE

3.6.1. fEHGERL ST

DNEHIEFT SN CNN 733X 5 MEAA BEHURA M, AR SCRE TR DV b sE g . T Rhse sk 1 N
RZHER, 5ESIE 0-m LIOREERFE 8 L SegNext H1[1) ViT-B {EAFEMEBA 3T M4, SLihsh
RN 2 P SRR VIT-B E TN, ZrRITEREZE, P14 Dice £¥5 ToU {4 0.565 F
0.493, B — VIT T+ M LA e R A0 #1455 I CNN 73325, BB o SR Re 1S 2K
MEHETF, P Dice 2305 IoU #27FE 0.829 M 0.762, EW] CNN 73 3 BENE AT AR HUS A = 3 4 1 4
fE, SRAN VIT 26 R ERRR AR AR 2 s ZEIIN CNN 4032 (3ERE B35 I\ MEAA ik )5, A
RETS 203 —2B32Tt, P34 Dice 2%05 ToU iA %] 0.855 A1 0.782, EH] MEAA BER R854 LBl 2 A
TEF D& SRR, 78 50 P29 S MREAE 1B ) ELAMA B, SR TR 43 F 1 R

Table 2. Ablation experiments for core components
2. D ERIERA LIRS R

CVC-ClinicDB Kvasir CVC-ColonDB ETIS EndoScene
CNN  MEAA
Dice ToU Dice TIoU Dice ToU Dice ToU Dice TIoU
0.574 0.521 0.603 0.542 0.518 0.451 0.542 0.459 0.586 0.492
~ 0.841 0.777 0.866  0.809 0.789 0.724 0.798 0.728 0.850 0.771
~ N 0.872 0.805 0.901 0.842 0.821 0.736 0.819  0.735 0.863 0.792

3.6.2. MEAA HRIRERASEIE 4

NYGIE MEAA B8 rh = S NARFIE TR A0A RO, A SO AN 3 AN RBEE AT TR SRe, 7
7 CNN 43 SCRFAE F,,, « WHFC BEHURFIE F,, 5 VIT Ah THRNRHE F,, o SEBLMYALE CNN 43 32
RN TR, SRIG S5 R 3 fs.

MSEGEE R LAE Y, BT R — RRHE R I R SR T (¥ 3 B PE R, TR = SRR B A
HEUEF B EAEEER, R EANORHERE S, RN RRER , SR RE1S 2Bt —D
$Tt, T R I = SRS, SRS 1 B2 FITPERE, 138 Dice %5 loU 152 0.870 A1 0.801,
XG50 R W] MEAA BN A ROH FH AN R RAE 2 1) B AMA, Sdad - 23 () X0 oL SE il 2
BEASFHIE I B & NS, B RETHE R 2 FIROR .

Table 3. Ablation experiments for feature streams in MEAA
= 3. MEAA 1R A ERHFIE R HRRSEIR 45 R
MEAA CVC-ClinicDB Kvasir CVC-ColonDB ETIS EndoScene
F,, F,. F, Dice ToU Dice ToU Dice TIoU Dice TIoU Dice TIoU
0.863 0.802 0.894  0.832 0.816 0.748 0.827 0.744 0.871 0.791

v 0.876 0.813 0.904  0.852 0.830 0.749 0.827 0.748  0.868  0.801
v 0.872 0.810 0.901  0.849 0.825 0.746 0.824 0.745 0.864  0.797

v 0.874 0.812 0.902  0.850 0.828 0.747 0.830 0.746  0.866  0.799

v v 0.873 0.819 0.912  0.855 0.833 0.742 0.830 0.750  0.870  0.804
v v 0.875 0.821 0.910 0.854 0.835 0.752 0.831 0.751 0.872  0.805
v v 0.878 0.817 0917  0.853 0.832 0.750 0.829 0.750 0.871  0.803

v v v 0.885 0.820 0913  0.856 0.836 0.762 0.833 0.755 0.881  0.811
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3.6.3. WHFC R HRISEL 5347

NI AE WHFC BAE BT 28 0 5320 5753 FIRS B2 07 TH B RUPE, AR SO [R5 R RE AT 1
XPEESERS . PLRGE WHFC 5K 50, 73 5% Haar /N & #°4 Daubechies. Symlet & Coiflet /NiE, FF
XFEE T Haar /NEAEAN R 23 il 2 20T (TR REFE MR « P S0 576 AH [ Z 805 & N2k, IF#E CVC-ColonDB
5 ETIS #dl 5 EitATPAL . B} WHFC (5 J2)RH 5 GNB R, HR/NEEEI S —EH 3 Hnft. A
k5 B N, WHFC H /N R B & B, AT 78X EE T AN R/ 2 AN 8] 3 it 2 00T 1 23 B e
TR Z S N Haar /NG BRI 1 SITIE 08

t7¢ 4 7] 40, ¥ Haar /N% & # A Daubechies. Symlet B¢ Coiflet /N 5, #AIMERELS IR EFEEE
B . X B Haar /MBI BT HoAth /N 3 B S0 e A GeuskoRe e, B3 FH T 12 22 RG4S il
F55. Ak, SKIGEEREW, RH 5 REBUNEAI 5 NSRS T4E, S -3 BUs Y 1 5e
I, T 3 o R R AE A GRS IS T 5 52 8 FE 2 IR U e P Al . Bk st — P I8IE 7 WHFC #5
BT A o S0 . ML EE, Daubechies. Symlet 5 Coiflet &5/ AR LA R T IE S
R SEKE, BAERNLGEM. JREKE RN R A, 551 MR A 5] 55 1w N
YOI, IS5 FE A EELE; 2T, Haar NERI S BUOR B TR TR RAZA S, BIEARITSS
S T RS R . GE K 4 SKIREE AT FN, ASCK Haar /N 3-level 7 fiRiRERIEFERA —E K
PR RIS 5 IR

Table 4. Ablation experiments for WHFC module
% 4. WHFC fREUHRSIINEE R

" CVC-ColonDB ETIS
T : :
Dice IoU Dice IoU

Daubechies 0.740 0.704 0.717 0.644
Symlet 0.804 0.729 0.744 0.694
Coiflet 0.745 0.694 0.742 0.689
WHEC (5-level) 0.819 0.729 0.791 0.697
WHEC (3-level) 0.849 0.749 0.842 0.769

4. &g

A ST X 45 T B AR T o B P R AE B A AN e 2 . LGN B ZALBE IS R, R R AN
SegNext HEZE[IJEF X PEGRIG, 2k T ZAESE 1 2 S GIRAIE R A BB %, SEmaE T
CNN. WHFC 5 ViT 2/ CRHERRIEE M, o0 BIPEHCE AR IBEE . 1 5e0 X A R il SURHE s @il
MEAA 8 SR A RFAE & RIS, 4248 5385 4 R RHE M EAMME: 455 SegNext AR R
e, XU BRAL S A AET 5 28 3, SRFHIRYLE B AR 2 BB IR 40 B B 5 B Rk

SIS R EIR, FTRITVETE 5 ANATFEREE BRI T 20k, iR, WIRESHIRE TP
¥ Dice/loU 43 Jillik 0.854/0.781+ 0.935/0.895, &I RSEH N /7, ah B i 51312 W i 4t s 2k
Bisc##.

AHFEVERR: IEFRICEMER GPU, B ARGERIALEE&; NELRSELS TIRIE, Kok
ZHABEFEGE B 5 ARKRABR N, i B, SR PR R A B, S R A2 BRI s
A ¥ B0 2 R TS, M IRIR G0 S B AR I iy, $RTHER S I S nT iR, N RE R T4
B WK A SR 3R A8 77 1)
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